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Abstract
Ratio-based prevalence and absolute headcounts are the two most commonly accepted met-
rics to measure the burden of various socioeconomic phenomenon. However, ratio-based 
prevalence, calculated as the number of cases with certain conditions relative to the total 
population, is by far the most widely used to rank burden and consequently for targeting, 
across different populations, often defined in terms of geographical areas. In this regard, 
targeting areas exclusively based on prevalence-based metric poses certain fundamen-
tal difficulties with some serious policy implications. Drawing the data from the National 
Family Health Survey 2015–2016, and Census 2011, this paper takes four indicators of 
child undernutrition in India as an example to examine two contextual questions: first, does 
the choice of metric matter for targeting areas for reducing child undernutrition in India? 
and second; which metric should be used to facilitate comparisons and targeting across 
variable populations? Our findings suggest a moderate correlation between prevalence esti-
mates and absolute headcounts implying that choice of metric does matter when targeting 
child undernutrition. Huge variations were observed between prevalence-based and abso-
lute count-based ranking of the districts. In fact, in various cases, districts with the high-
est absolute number of undernourished children were ranked as relatively lower-burden 
districts based on prevalence. A simple comparison between the two approaches—when 
applied to targeting undernourished children in India—indicates that prevalence-based 
prioritization may miss high-burden areas where substantially higher number of under-
nourished children are concentrated. For developing populous countries like India, which 
is already grappling with high levels of maternal and child malnutrition and poor health 
infrastructure along with intrinsic socioeconomic inequalities, it is critical to adopt an 
appropriate metric for effective targeting and prioritization.
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1  Introduction

Identification and prioritization of target areas across populations is a fundamental task 
in policymaking. Ratio-based prevalence (P from hereafter), calculated as the number 
of cases with certain conditions relative to the total population, is by far the most widely 
used metric to rank the burden across different populations, often defined in terms of 
geographical areas (Davis and Hertz 1951; Minhas 1974; Dandekar and Rath 1971; Sen 
1976; Arriaga 1970). Based on P, areas with a relatively higher prevalence of poor con-
ditions, related to measures ranging from poverty (Minhas 1974; Dandekar and Rath 
1971; Sen 1976), illiteracy (Carr-Hill and Pessoa 2008), unemployment, urbanisation 
(Arriaga 1970; Davis and Hertz 1951), morbidity, disability, and malnutrition (United 
Nations Children’s Fund 2012), are more likely to be prioritized for immediate interven-
tions and greater resource allocation. For instance, the ranking of countries based on 
the Global Hunger Index is primarily derived from P of child undernutrition (i.e. child 
stunting and wasting) (von Grebmer et al. 2018), and countries like Burundi and Demo-
cratic Republic of Congo with high P of child stunting are labelled as priority areas. 
India is also considered as a priority area given the high prevalence of wasting in South 
Asia (von Grebmer et al. 2018). Similarly, comparisons of disease burden across geo-
graphical regions and population groups are predominantly based on P metric (James 
et al. 2018).

However, targeting areas exclusively based on P poses two fundamental difficulties. 
First, P, derived as a ratio relative to the total population, does not consider the absolute 
size of the total population. To illustrate this problem with a hypothetical example, con-
sider two areas X and Y with total child populations of 100 (N(X)) and 1000 (N(Y)) respec-
tively and an equivalent P of stunting such that P(X) = P(Y) = 20% (Box 1). Based on P, it 
appears that the stunting burden in X and Y is the same. However, the absolute number (A 
from hereafter) of affected children in Y (A(Y) = P(Y) * N(Y) = 0.2 * 1000 = 200) is ten times 
higher than that in X (A(X) = P(X) * N(X) = 0.2 * 100 = 20).

Second, P violates what is known as the ‘constituency principle’ in the literature of pop-
ulation ethics (Broome 1996; Subramanian 2002). Simply, the ‘constituency principle’—in 
terms of the above example—states that any increase in the number of non-stunted chil-
dren should have no effect on the extent of stunting measure of a given population. To 
demonstrate this problem, let us assume that N(X) is increased by 100 non-stunted children 
(so now N(X) = 100 + 100 = 200) and thus the P(X) is reduced to 20/200 * 100 = 10%. Sim-
ply adding non-stunted children in area X automatically reduces the P(X) leading to a false 
conclusion that stunting has halved even though nothing has been done to treat stunted 
children in the area. In contrary, A measures do not encounter this problem associated with 
‘constituency principle’.

Box 1   Hypothesized figures for prevalence and absolute count of child stunting

Area having lowest value (P or A) ranked first and area with highest value ranked last

Hypothetical 
area

Child popula-
tion (N)

Prevalence of stunt-
ing (P) (%)

Absolute count of 
stunted children (A)

Ranking based 
on P

Ranking 
based on A

X 100 20 20 2 1
Y 1000 20 200 2 4
T 100 30 30 3 2
U 1000 15 150 1 3
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While A has certain advantages as a metric to rank and compare the extent of diverse 
social, economic, and population health burden, A does not comply with the underly-
ing intuition related to ‘probability principle’ (Subramanian 2002). Intuitively, a metric 
for measuring the extent of child stunting in an area should also be associated with the 
likelihood of encountering a stunted child in that area. However, this notion of “likeli-
hood” is completely missed by A. For example, considering information from Box 1, the 
burden of stunting in area U is higher than T when compared on the basis of A (Since 
A(U)= 150 > A(T)= 30). However, the probability of encountering a stunted child in area T 
is much higher (30%) than in area U (15%). Therefore, when considering the ‘probability 
principle’, it would not be entirely correct to argue that the burden of stunting in area U is 
higher than in T, even though the likelihood of finding a stunting child is double in area T 
than in U.

In summary, the commonly used P upholds the “likelihood principle” but falls short in 
respect to the ‘constituency principle’; on the other hand, A does not violate the ‘constitu-
ency principle’ but is not in compliance with ‘likelihood principle’. Therefore, exclusive 
reliance on either one of these metrics is not viable as each one on its own can reverse the 
policy implication entailed by the other.

This tension between the use of P and A (or both) has been discussed in a few studies, 
mostly in the paradigm of poverty measurement and inequality (Arriaga 1970; Subrama-
nian 2002, 2005; Chakravarty et  al. 2002; Broome 1996; Krtscha 1994). In his seminal 
work on gauging urbanization, Arriaga (1970) was the first to note the conflicting proper-
ties of the two metrics, thereby stressing the need to account for not only the proportion 
of urbanised population, but also the absolute size of the urban population in any proper 
reckoning of the ‘degree of urbanization’. In the literature on measuring poverty and dis-
tributional inequalities across various populations, a couple of scrutinized measures were 
proposed to incorporate both “Constituency and Likelihood Principles”—a case for taking 
both probability and size into consideration (Subramanian 2002, 2005; Hassoun and Sub-
ramanian 2012; Zoli 2003, 2009; Mukherjee 2008; Chakravarty et  al. 2002). In a recent 
paper, Subramanian and Mukherjee (2018) constructed an intuitively plausible intermedi-
ate measure of poverty - i.e. Mixed Index (M hereafter)—which is a geometric mean of P 
and A and is given by M = (PA)1/2 (Subramanian and Mukherjee 2018). A relevant property 
of index M is that when poverty comparisons are tied in terms of P, the tie can be broken 
by A; and when they are tied in terms of A, the tie can be broken by P. Besides, in situa-
tions when poverty ranking distributions by P can be inverted by A, it is useful to have an 
adjudicator (M index) between the claim of the two indices.

In the same vein, studies have also argued that the choice of metric has considerable rel-
evance for targeting as well as distribution of resources for poverty reductions (Besley and 
Kanbur 1991; Kanbur 2001). Despite its non-trivial implications, the relevance of choice 
between P and A for comparisons and targeting has not received much analytical atten-
tion in health and development. In fact, nutrition policies in developing countries like India 
still rely solely on P for targeting and prioritizing focus areas (NITI 2018). For instance, 
the Government of India has recently identified 115 ‘Aspirational Districts’ (AD) based 
on P measures of several socioeconomic indicators classified under 6 broad themes (NITI 
2018). It is presumed that reductions in P would lead to improvement in India’s human 
development rankings. However, improvements in P can make greater impact on human 
development if these ADs also have high share of population as captured by metric A. Sim-
ilarly, India’s flagship nutrition programme ‘POSHAN Abhiyaan’ also focuses on P metric 
for selecting the priority 315 districts under phase-I of its implementation. In this context, 
two questions immediately arise: first, does the choice of metric matter for targeting policy 
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areas for child undernutrition in India? and second; which metric should be used for facili-
tating comparisons and targeting across variable populations? If P is employed as the pri-
mary basis for any type of ‘indirect targeting’, it will disregard the constituency principle, 
and if policy targeting is solely based on A, it will ignore the likelihood principle.

This paper takes four indicators of child undernutrition in India as an example to assess 
the differentials in district ranking (policy priority) by three metrics of P, A, and M to illus-
trate the importance of the choice of metric in identifying priority areas. At this point, it is 
worth pointing out that this study is an empirical exercise based on existing metrics (i.e. 
P, A and M) to compare the districts ranking in India by taking POSHAN Abhiyaan target 
variables viz. child stunting, underweight, low birth weight (LBW hereafter), and anemia. 
More specifically, the paper examines the correlation between estimates from the three 
approaches (P, A, and M) to unravel whether the targeted areas (or districts) are consistent 
with these metrics.

2 � Methods

2.1 � Survey Data and Study Population

The study utilizes data from the most recent round of the National Family Health Survey 
(NFHS), 2015–2016 and Census of India, 2011. The sampling frame for NFHS 2016 was 
based on Census 2011 providing estimations on all available indicators for 640 districts 
from all states and Union Territories (UTs) by rural and urban areas separately. Data in 
NFHS were obtained from a two-stage stratified random sampling frame. The villages (for 
rural areas) and Census Enumeration Blocks (for urban areas) served as primary stage unit. 
In the second stage, households were selected for survey from each cluster/village/block 
on the basis of probability systematic sampling. The final analytic sample after excluding 
missing and flagged information on child’s age, sex, height and weight was 225,002 chil-
dren aged 0–59 months for stunting, underweight, LBW and wasting and 208,608 children 
aged 6–59 months for anemia. In addition, total child population (0–59 months) was taken 
from Census 2011.

2.2 � Child Undernutrition Indicators

This study primarily analyses four nutritional outcomes among children: stunting, under-
weight, anemia, and LBW. Three anthropometric measures were constructed based on the 
WHO child growth reference standards (WHO 2006). The NFHS provides standard infor-
mation on child’s height and weight. The weight was measured by skilled health inves-
tigators using digital solar-powered scales along with adjustable short measuring boards. 
While standing height was taken for children aged 24–59 months, recumbent length was 
measured in case of younger children below the age of 24 months (IIPS and ICF 2017). 
The raw height and weight measures were transformed into age- and sex-specific z-scores 
using WHO child growth standards (WHO 2006). A child’s “height for age” (or “weight 
for age”) is a measure of their height (or weight), relative to a standard (healthy) popula-
tion of the same sex and same age (in months). It is expressed as the difference between the 
height of the observed child and the average height of healthy children i.e. z-scores, scaled 
by standard deviation (SD) of child’s height of healthy population. Stunting was defined 
as height-for-age z-scores less than − 2 SD, underweight as weight-for-age z-scores less 
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than − 2 SD, and wasting as weight-for-height z-scores less than − 2 SD. Anemia among 
children aged 6–59  months was measured as a binary outcome (Yes = 1/No = 0) taking 
11.0 gm/dl of haemoglobin level as a threshold (IIPS and ICF 2017). Further, binary vari-
able was constructed for children with LBW (Yes = 1/No = 0) defines as those with written 
record of birthweight less than 2.5 Kgs.

2.3 � Statistical Analysis

2.3.1 � Prevalence (P)

We calculated the P (%) of child stunting, underweight, wasting, anaemia and LBW at the 
national, state, and district levels directly from NFHS 2016 data. The metric P was calcu-
lated as the ratio of number of children with nutritional failure (q) to total children (n) at a 
particular area (j): 

(

Pj =
qj
/

nj
∗ 100

)

.

2.3.2 � Absolute Headcount (A)

To put it simply, A = q (i.e. total number of children with nutrition failures). The A at 
national, state and district level is calculated by multiplying P estimated from NFHS 2016 
by the total child population (0–5  years) available from Census 2011. Here, we simply 
used the product of prevalence ratios (provided by NFHS 2016) and absolute total children 
(aged 0–5 years) (provided by Census 2011) to arrive at district-level estimates of A.

2.3.3 � Mixed Index (M)

We used Mixed index proposed by Subramanian and Mukherjee (2018) to measure child 
undernutrition (stunting, underweight, wasting, anemia and LBW) which takes both prob-
ability and size into consideration (Subramanian and Mukherjee 2018). Taking stunting as 
an example, let di ∈ {0, 1} be the nutritional status of any child i in some given location. If 
di = 0 , child i is not stunted; if di = 1 , child i is stunted. If there are q stunted children in a 
population of n children in this location, then the probability pi that any child i chosen at 
random in the location is stunted is given by pi = q∕n, where q/n, of course, is the P. The 
expected value of stunting in the location under consideration—call it M (Mixed Index)—is 
simply a probability weighted sum of individual deprivation statuses, that is:

The measure M can thus be usefully interpreted as the expected value of stunting in a 
locality, which takes account of both likelihood (P) and size considerations (A); as such, 
it serves as an intuitively plausible intermediate measure of prevalence (Subramaniam and 
Mukherjee 2018). It is worth mentioning here that for computing M, we used P as the ratio 
(and not %), and A in millions.

To further identify the priority areas, districts were ranked based on all three metrics 
(P, A and M) separately (where higher ranks indicate higher burden) and presented via 

M∗ =

n
∑

i=1

pidi =

q
∑

i=1

(q∕n)(1) +

n
∑

i=q+1

(

1 −
q

n

)

(0) =
(q

n

)

(q) ≡ PA

M = PA

(

1

2

)
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two-way cross tables. The P estimates were computed using sampling weights as pro-
vided by NFHS 2016 for descriptive analysis. We further assessed the correlation between 
metrics at the district and state levels via scatter plots, Pearson correlation coefficient and 
Spearman rank correlation coefficient. To further understand the disagreement between the 
metrics, we classified all 640 districts by quintiles based on three metrics separately for all 
4 nutritional failures. Finally, we investigated how the priority districts identified under 
two current Government of India’s (GOI hereafter) schemes (i.e. ADs and POSHAN Abhi-
yaan) vary from those that were identified on the basis of our P, A, and M estimates. We 
also compared the cumulative share of undernourished children targeted under ADs and 
POSHAN Abhiyaan, and by P, A and M.

Lastly, we computed a Moran’s I Index, which is an autocorrelation coefficient that tests 
how likely geospatial clusters could have appeared by chance. It takes values between − 1 
and 1; the closer the index is to − 1 (dispersed) or + 1 (clustered), the stronger the associa-
tion. We defined a geospatial cluster, or neighbourhood, as a set of contiguous districts that 
share boundaries with other districts. Specifically, we used a “rook” definition which is a 
more stringent contiguity definition than a “queen” where neighbours can be defined as 
districts that touch at a single point. Not all neighbourhoods were of the same size. After 
defining neighbourhoods, we computed the average prevalence (prevalence lag) and count 
(count lag) of each neighbourhood cluster. We performed a Monte Carlo test where preva-
lence lag and count lag values were randomly assigned to spatial polygons in our dataset, 
and for each permutation, a Moran’s I value was computed as:

where N is the number of polygons (districts in this case), xi is prevalence or count, x̄ is 
average prevalence or count, wij is a matrix of spatial weights, and W is the sum of all wij . 
We then compared our observed Moran’s I to the sampling distribution of bootstrapped 
Moran’s I where the null hypotheses were that both prevalence lag and count lag are ran-
domly distributed across the polygons. The estimates for child stunting, underweight, ane-
mia and  LBW is presented as primary results—given these four are the key policy out-
comes under POSHAN Abhiyaan—, whereas estimates for child wasting is presented as 
supplementary. All the analyses were performed using Stata (version 15.0) (25) and map-
ping was done “spdep” package in R 4.0 (Bivand and Wong 2018).

3 � Results

The mean P of child stunting at the national level was 38.37% and it ranged from 13.12 
to 65.20% across 640 districts in India with a SD of 9.94% (Table  1; district estimates 
provided in Supplementary Tables S1-S5). About 35.73% of total children were estimated 
to be underweight ranging from a minimum 6.33% to maximum 60.34% with a SD of 
11.71% across districts. The overall P of LBW was 22.01% with a SD of 6.01% across 
all districts ranging from 2.02 to 43.6%. At national level, the P of anemia among chil-
dren (6–59 months) was 58.41% and at district level the P ranged by 78.78%. Based on 
A measure, we found on average A(stunting)= 93,394 children, A(underweight)= 84,976 children, 
A(LBW)= 40,062 and A(anemia)= 143,148 children, with substantial variation across districts. 
The mean value of M for stunting across 640 districts range from 0.107 to 0.482 with 

I =
N

W

∑

i

∑

j wij

�

xi − x̄
��

xj − x̄
�

∑

i

�

xi − x̄
�2
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the mean value of 0.160. Similarly, based on M, average value for M(underweight)= 0.148; 
M(LBW)= 0.213; and M(anemia)= 0.245, with noticeable variations across districts.

The scatter plots between P (in %) and A of children with anthropometric failures, LBW 
and anemia elicit a moderate correlation (Fig. 1). Across all districts, there was a moder-
ate to low correlation between P and A measures for stunting (r = 0.55; Spearman’s rank 
r = 0.597), underweight (r = 0.55; Spearman’s rank r = 0.667), anemia (r = 0.455; Spear-
man’s rank r = 0.535), and LBW (r = 0.473; Spearman’s rank = 0.502). When comparing 
the maps in Figs. 2 and 3, notable distinction in the distribution pattern of child undernutri-
tion can be observed between P and A across all districts. For instance, Panel A (in Fig. 2) 
suggest that most of the districts in Gujarat falls in lowest quintile (blue shade) of stunting 
based on P, whereas, on the basis of A (Panel A in Fig. 5) reveals that same districts fall 
in the fourth quintile of stunting. These observations were consistent for other indicators 
(underweight LBW, and anemia) as well.  

In the same vein, we also estimated Moran’s Indices to understand the spatial distribu-
tion of prevalence and absolute count of children with nutrition failures across districts in 
India. The estimates elicit a noticeable difference in the spatial distribution (clusters) of 
failures between two metrics (Table 2). For example, the value of Moran’s I for distribu-
tion of prevalence of stunting across districts was 0.45 (p < 0.001), whereas for absolute 
number of stunted children, it was 0.32 (p < 0.001). This clearly indicates that prevalence 
numbers are spatially more clustered than absolute numbers. The difference is much higher 

Fig. 1   Scatter plot: correlation between prevalence (%) of child anthropometric failures and absolute num-
ber of children with failures by districts, India, NFHS 2016. Note: Absolute number of children estimated 
indirectly using Census 2011; r = Pearson correlation coefficient; r(s) = Spearman Rank correlation coeffi-
cient. Estimates are *significant at 0.10 ** at 0.05 level *** at 0.01 level
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for underweight where the value of Moran’s coefficient is 0.59 (p < 0.001) for prevalence, 
and 0.29 (p < 0.001) for absolute count. Similar differences were observed for children with 
LBW, and anemia (Table 2).

Figure 4 reveals that M index values across districts are significantly correlated with P 
(%) in case of stunting, and underweight. For example, the Pearson’s correlation coefficient 
was 0.726 (p < 0.001) and 0.773 (p < 0.001) for stunting and underweight respectively. 
Similarly, Spearman’s rank correlation coefficient was 0.735 (p < 0.001) for stunting and 
0.797 (p < 0.001) for underweight. A moderate correlation was observed between M and 
P in case of LBW and anemia. The Pearson’s and Spearman’s rank correlation coefficient 
value for anemia was estimated at 0.674 (p < 0.001) and 0.679 (p < 0.001) respectively. In 
the same vein, a very high and positive correlation was observed between M index values 
and A across districts for all the nutritional failures (Fig. 5). The value of Pearson’s correla-
tion coefficient between M and A for child stunting and underweight was 0.954 (p < 0.001) 
and 0.942 (p < 0.001) respectively. Further, in case of child LBW (r = 0.957; Spearman’s 
rank r(s) = 0.990) and anemia (r = 0.942; Spearman’s rank r(s) = 0.958) as well, the correla-
tion between M and A was very high. 

The quintile distribution of districts further reveals stark difference between the three 
metrics (P, A, and M) for all four child nutritional failures (Table S6). In case of child stunt-
ing, quintile categories based on P and A were different for about 420 districts (65%). In 
fact, some districts (for example Pune) were in first quintile based on P and in fifth quintile 

Fig. 2   Prevalence (%) of a stunting, b underweight, c LBW and d anaemia across 640 districts, India, 
NFHS, 2016 in children (0–59 months)
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based on A. Similarly, in case of underweight and anemia, about 401 districts and 441 dis-
tricts were not in same quintile categories based on P and A. When compared between P 
and M, about 357 districts and 409 districts were classified under different quintile catego-
ries for stunting and LBW respectively. However, about 134 districts (for stunting) and 150 
districts (for underweight) were not in same quintiles based on A and M.

3.1 � Comparing District Ranking by P and A

Striking differences were observed in the rank ordering of districts based on P, A and M of 
child stunting (Table S1). For instance, Thane (of Maharashtra), with the largest number 

Fig. 3   Absolute number of children (0–59  months) across districts, India, NFHS, 2016 for a stunting, b 
underweight, c LBW and d anaemia

Table 2   Global Moran’s Indices for spatial distribution of prevalence and absolute number of four nutri-
tional indicators in 640 districts

p < 0.01 (Bonferroni adjusted) denotes significance. Rook definition used for neighbours

Stunting Underweight Low birth weight Wasting Anemia

Prevalence 0.45
(p < 0.001)

0.51
(p < 0.001)

0.42
(p < 0.001)

0.29
(p < 0.001)

0.41
(p < 0.001)

Absolute number 0.32
(p < 0.001)

0.29
(p < 0.001)

0.26
(p < 0.001)

0.20
(p < 0.001)

0.22
(p < 0.001)
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of stunted children, ranked the lowest (640) in terms of A (429,316 children), whereas it 
ranked 387 in terms of P (39%). Based on M, Thane (0.409) was ranked 633 for child 
stunting. Similarly, Dibang Valley (of Arunanchal Pradesh) ranked 314 based on P (35.6%) 
but had the least number of stunted children (327) across all 640 districts. Further, Ernaku-
lam was ranked first on the basis of lowest prevalence of stunting (13.1%). However, on 
the basis of A (34,035 children) and M (0.067) it was ranked 195 and 101 respectively. 
Of the bottom 20 districts ranked based on P (%), only 5 districts (20%) overlapped with 
those among the bottom 20 based on A. Similar contrast in ranking was observed in case 
of Sheopur district between P, A and M. Sheopur ranks 617th based on P, however on the 
basis on the basis of A, it ranked much below at 217 and on the basis of M, it was ranked 
363. Also, while the bottom 132 districts by A accounted for about 50% of total stunted 
children, the total share of the same numbers by P accounted for about 35% of total stunted 
children.

Further, district ranking by P of underweight varied substantially from district rank-
ing by A and M of underweight children (Table S2). For example, Paschimi Singh Bhumi 
had the highest P of underweight (66.7%, rank = 640), but ranked 551 by A with estimated 
147,342 underweight children and 613 by M with index value of 0.313. With the largest 
number of underweight children (449,878), Thane ranked 640 in terms of A and M (0.429), 
whereas it ranked 451 in terms of P (40.9%). Further, while Sheopur ranked 635th on the 
basis of P with the underweight prevalence of 55.9, it ranked 300th on the basis of met-
ric A with 55,339 underweight children and 395 on the basis of metric M with the index 

Fig. 4   Scatter plot: correlation between prevalence (%) of child anthropometric failures and Mixed Index 
by districts, India, NFHS 2016. Note: r = Pearson correlation coefficient; r(s) = Spearman Rank correlation 
coefficient. Estimates are *significant at 0.10 ** at 0.05 level *** at 0.01 level
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value of 0.175. Of 640 districts, about 20% of them ranked on the basis of P (bottom 133 
districts) accounted for less than 31% of total underweight children in India. On the other 
hand, targeting bottom 133 districts by A covered about 51% of total underweight children 
in India. A similar pattern was observed for LBW (Table S3). While Mandsaur ranked the 
lowest with P(LBW) of 43.6%, it ranked 527 in terms of A, and 583 in terms of M. Another 
district, Thane, ranked the last (640) in terms of A of LBW children (227,690), but stood at 
the 461st position when ranked by P (20.7%). Further, Vaishali district of Bihar ranks 513 
on the basis of A with 60,108 number of LBW children, and 473 on the basis of M (0.271), 
whereas in terms of P, it ranks 92 with the prevalence of 11.90%. This clearly shows that 
the rank ordering of districts varies substantially across metrics (i.e. P, A, and M) in case of 
LBW also.

The largest difference in district ranking between P and A was seen for anemia 
among children aged 6–59 months (Table S4). With the highest P(anemia) of 84.4%, Ban-
swara ranked 640 in terms of P, but ranked 547 in terms of A with 232,667 anemic chil-
dren. While A(anemia) was the highest in Thane (606,885), it ranked above 300 districts 
by P(anemia). Similarly, Purba Champaran ranks 638 by A with 552,825 anemic  children, 
whereas, based on P, it ranks 446 with the anemia prevalence of 65.9%. Importantly, only 
5 districts overlapped out of the bottom 50 districts ranked by P and A, indicating that 
about 90% of identified burden areas are different depending on the choice of metric. This 
shows that the choice of metric (here between P and A) can potentially inverse the ranking 

Fig. 5   Scatter plot: correlation between absolute number of children with nutritional failures (in millions) 
and Mixed Index by districts, India, NFHS 2016. Note: absolute number of children estimated indirectly 
using Census 2011; r = Pearson correlation coefficient; r(s) = Spearman Rank correlation coefficient. Esti-
mates are *significant at 0.10 ** at 0.05 level *** at 0.01 level
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of districts and therefore can affect the allocation of resources among priority areas. These 
differences in rank ordering across metrics were also evident in case of child wasting as 
well (Table S5).

3.2 � Discordance with Aspirational Districts

The ADs has a focus on six different development domains including nutrition.We com-
puted cumulative share of total undernourished children targeted under the current priority 
115 ADs and compared those by estimating the same through alternative metrics (i.e. P, A 
and M) (Table 3). The current focus on 115 ADs is estimated to cover about 20.4% (10.9 
Million) of total stunted children, whereas if the same priority is based on A, the worst 115 
districts will cover about 45.8% (24.3 Million) of total stunted children in India. Similarly, 
if the priority is to be based on index M, the bottom 115 districts will cover an additional 
12.8 million stunted children than actual 115 ADs.

Similarly, in the case of underweight, bottom 115 districts by A and M will cover about 
45% of total underweight children, which is more than twice the coverage under current 
115 ADs (20.5%). Further, the current ADs account for about 17.2% (4.4 Million) of total 
LBW children in India. However, priority 115 districts based on A and M covers about 
45.3% (11.6 Million) and 44.5% (11.4 Million) of total LBW children respectively. This 
difference between target coverage is even higher in case of child anemia. For instance, the 
priority 115 districts based on A covers about 20.4 Million more anemic children (a differ-
ence of 25.6 percentage points) compared to target coverage under current 115 ADs.

More eloquently, figure S1 via maps depicts the discordance between targeted 115 ADs 
and worst 115 districts by P given the very few common districts (marked in red colour). 
Similarly, figure S2 reveals a very few overlapping districts (in red) between targeted ADs 
and 115 high burden districts by A. More specifically, 39 districts are common between 
115 ADs and 115 high burden districts by P of stunting (Table S7). On the other hand, only 
21 districts are common when 115 ADs were compared with 115 high burden districts by 
A for stunting (Table S5). Also, districts common across all three approaches (i.e. ADs, P 
and A) are scant (marked in black) (Figure S5). However, it may be noted that these com-
mon districts deserve top priorities as they reveal high burden of child undernutrition by all 
metrics. About 16 districts are common (across all three metrics i.e. ADs, P and A in case 
of stunting, 10 districts in case of underweight, 4 districts in case of LBW, and 3 districts in 
case of anemia (Table S7). This depicts that discordance among metrics is relatively higher 
in case of anaemia compared to other outcomes.

3.3 � Discordance with Priority Districts (Phase‑1) under POSHAN Abhiyaan

We also compared the target coverage based on priority 315 districts (under phase 1) of 
POSHAN Abhiyaan with the alternative targeting numbers based on bottom 315 districts 
ranked by A and M (Table  3). The current phase 1 districts target about 67.5% of total 
stunted children in India; however, this coverage would increase by 14% if ranking had 
been based on A or M. Similarly, the number of underweight children covered under cur-
rent 315 districts (32.9 Million) is substantially lesser than what would have been targeted 
when prioritized by A (40.6 Million). Also, in the case of anemia, the bottom 315 districts 
based on A account for nearly 81% of total anemic children, whereas the current 315 iden-
tified districts cover 62.4%. Finally, for LBW, rank ordering based on A and M will cover 
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Table 3   Target coverage of undernourished children by different metrics, India, NFHS 2016

Target Prevalence (%)a Percentage share in total undernour-
ished children (N—in millions)b

Stunting
Aspirational districts
AD 115 districts 44.2 20.4 (10.9)
Bottom 115 (by P) 50.7 31.4 (16.7)
Bottom 115 (No. of stunted) 42.7 45.8 (24.3)
Bottom 115 (by M) 46.6 44.5 (23.7)
POSHAN Abhiyaan
315 Districts (in Phase 1) 44.1 67.5 (35.9)
Bottom 315 (by P) 45.2 69.4 (36.9)
Bottom 315 (by A) 43.1 81.5 (43.4)
Bottom 315 (by M) 43.8 81.0 (43.1)
Underweight
Aspirational districts
AD 115 districts 40.1 20.5 (10.2)
Bottom 115 (by P) 49.0 26.0 (12.8)
Bottom 115 (No. of underweight) 40.9 45.5 (22.5)
Bottom 115 (by M) 43.4 44.7 (22.2)
POSHAN Abhiyaan
315 districts (in Phase 1) 40.2 66.5 (32.9)
Bottom 315 (by P) 42.3 71.9 (35.6)
Bottom 315 (No. of underweight) 41.6 82.2 (40.6)
Bottom 315 (by M) 42.0 81.6 (40.4)
Anemia
Aspirational districts
AD 115 districts 59.1 18.5 (14.9)
Bottom 115 (by P) 75.2 23.4 (18.9)
Bottom 115 (No. of anemic) 63.5 44.1 (35.7)
Bottom 115 (by M) 66.6 43.4 (35.1)
POSHAN Abhiyaan
315 districts (in Phase 1) 61.0 62.4 (50.5)
Bottom 315 (by P) 68.4 65.5 (53.5)
Bottom 315 (No. of anemic) 64.2 80.9 (65.5)
Bottom 315 (by M) 65.3 80.2 (65.0)
Low birth weight
Aspirational districts
AD 115 districts 16.4 17.2 (04.4)
Bottom 115 (by P) 25.6 29.7 (07.6)
Bottom 115 (No. of anemic) 21.2 45.3 (11.6)
Bottom 115 (by M) 22.0 44.5 (11.4)
POSHAN Abhiyaan
315 districts (in Phase 1) 18.2 60.9 (15.6)
Bottom 315 (by P) 21.8 64.8 (16.6)
Bottom 315 (No. of anemic) 19.4 80.5 (20.6)
Bottom 315 (by M) 19.6 79.7 (20.3)
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about 80.5% (20.6 Million) and 79.7% (20.3 Million) of total LBW children respectively, 
compared to 60% (15.6 Million) as targeted under current 315 districts under Phase-1.

Further, number of common districts (marked in periwinkle) are very less between tar-
geted 315 Phase 1 districts under POSHAN Abhiyaan and bottom 315 district by P (Figure 
S3). Importantly, these numbers were also lesser when compared with bottom 315 districts 
based on A (Figure S4). The number of common districts across all three approaches (i.e. 
315 POSHAN districts, 315 high burden districts by P and A) are observed to be very 
few (shaded in black) (Figure S6). For instance, only 65% of targeted 315 districts (under 
POSHAN Abhiyaan) overlap with those identified as high burden by P and A of child ane-
mia (Table S8). These figures are even lesser in case of LBW (164 districts) (Table S8).

4 � Discussion

Our analysis reveals four salient findings. First, a moderate correlation was observed 
between child undernutrition estimates based on P and A across all districts in India. In 
addition to this, notable differences were observed in the spatial distribution of failures 
between tow metrics (P and A). Hence, the disparity between the two metrics indicates that 
the choice of metric does matter when targeting “sick populations”. Second, the observed 
correlation between P and A was relatively weaker for LBW and child anemia compared to 
the correlation for stunting and underweight. Third, substantial variations in district rank-
ing were observed between P and A for all child undernutrition outcomes. In many cases, 
districts with the highest A were ranked as relatively lower burden districts by P. This rein-
forces the need to consider both metrics for policy setting and intervention prioritization. 
Fourth, when targeting child undernutrition, we found a strong correlation of M with both 
the metrics P and A. Comparison of target coverage across different metrics suggests that 
M captures relatively higher burden of undernourished children compared to what is being 
targeted under “Transforming Aspirational Districts” Programme or in phase-1 districts of 
“POSHAN Abhiyan”.

A clear message emerging from the analysis is that both P and A are important in their 
own ways as one reflects the ‘risk’ and the other captures the ‘burden’. While we pre-
sented the M Index as a way to combine both into one, what is most desirable is to con-
sider them in a combination. In this regard, a typology such as I) high risk/high burden II) 
high risk/low burden III) low risk/high burden and IV) low risk/low burden, might be more 
intuitive and respectful of the distinctiveness for policymaking. Figure 1 depicts this typol-
ogy in a four-quadrant plot. It is clear that quadrants I and IV are straightforward top and 
least priority districts, respectively. However, prioritization among the middle (quadrants II 
and III) requires a further contextualization. A potential strategy, for instance, could be to 
understand the clustering of deprivation in these districts as highly clustered events within 
a district can provide clear scope for intervention and targeting whereas low clustering 
would lead to inefficacy in targeting as the event would be spread across the area and may 
disallow economies of scale in planning and execution.

Table 3   (continued)
Absolute number of children estimated indirectly using Census 2011
a Prevalence (in percentage) of failure among targeted districts by each metric
b Percentage share (and absolute numbers) of total undernourished children covered by each metric
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It may be noted that district ranking can vary substantially across various indicators as 
well. Differing implications arising from the use of different set of indicators for ranking 
and assigning priorities can elicit vital information on identifying particular severe cases. 
For example, mutual exclusive categories of combined nutrition failures—known as com-
posite index of anthropometric failures (CIAF)—by Svedberg (2000) can provide holistic 
and comprehensive understanding of joint burden across districts. Hence, the importance 
should also be given to use comprehensive information from different set of indicators.

A moderate concordance between P and A suggests a sense of caution when choosing 
a metric to target “sick population”. Although this does not indicate the validity or appli-
cability of one metric over the other, it refutes the sole reliance on either one universally. 
Here, it is worth noting that a high degree of positive correlation was observed between 
index M with both of the metrics (i.e. P and A). Therefore, the emphasis should be on 
plurality rather than singularity of metrics, as a metric’s utility depends on the purpose for 
which it is employed (Subramanian 2005). To place our results in a hypothetical policy sce-
nario, let us suppose a policy objective of allocating funds to establish “Nutritional Reha-
bilitation Centres” in districts of Sheopur and Gulbarga on the basis of any one metric of 
stunting. The P metric suggests equal distribution of budget between the two regions since 
P(Sheopur) = P (Gulbarga) = 52.4%. However, given that the absolute number of stunted children 
in Gulbarga is about 3.5 times higher than in Sheopur (A(Sheopur) = 51,934 < A(Gulbarga) = 1
63,463), allocating budget equally in this situation disregards the equity principle. How-
ever, index M rightly suggests a substantially higher allocation of resources in Gulbarga 
than Sheopur as value of M in these districts are 0.292 and 0.165 respectively. The degree 
of correlation between P and A varied across different indicators of child undernutrition, 
with relatively weaker correlation for child anemia and LBW. This implies that for different 
social and health indicators, the choice between P and A can be more consequential. There-
fore, the application of any metric for facilitating comparisons or targeting across variable 
populations must be done in accordance with the precise objective of policy.

The observed differences between district rankings by P and A further support the lack 
of congruency between the two metrics. In fact, districts with the highest absolute number 
(A) of undernourished children were not even in the bottom 50% of districts in terms of P 
(%). The policy implication of this discrepancy becomes clearer when examined in light of 
the current priority areas identified by the GOI. For instance, the 115 ADs were identified 
on the basis of a composite weighted index comprising of various indicators (in P) from 
different development domains (Health and Nutrition, Education, agriculture and Allied, 
Financial Inclusion, Skill Development, and Basic Infrastructure) (NITI 2018). While the 
intention and efforts to target vulnerable areas are important and well-placed, the reliance 
on this sole prevalence-centric index for overall socioeconomic development has severe 
limitations because district rankings can vary significantly across different development 
indicators. In fact, if the goal of the ADP is to secure improvements in human development 
at the national level then it is equally important to consider the metric A.

In addition, we found that only 28 districts were common between the current 115 ADs and 
the 115 districts we identified as the highest burden areas based on A and M. From our esti-
mates, a simple comparison between the two approaches—when applied to targeting under-
nourished children in India—indicates that P-based prioritization may miss high-burden areas 
where substantially higher number of undernourished children are concentrated in India.

The present analysis is not free from certain limitations. First, we have used prevalence esti-
mates from NFHS 2016 to arrive at the absolute numbers of undernourished children using 
child population data from Census 2011. It may be noted that no latest data on districts-level 
total child (0–59 months) population was available than Census 2011 and hence the absolute 
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figures could be underestimated. However, it certainly does not affect the distribution of child 
population across states and districts. Second, we assessed and compared the targets for nutri-
tional indicators only, whereas ADs were identified on the basis of myriad of indicators. A simi-
lar exercise can be performed for other development indicators (such as literacy, urbanization, 
disability, NCDs) in future studies. Third, it should be noted that while this exercise is mostly 
based on ranking, it does not account for the magnitude of differences in estimates between 
districts. However, it does not affect the objective of this paper which is to understand the con-
cordance between priority districts between the two metrics (i.e. P and A). While the present 
analysis can be extended to other programme relevant outcomes particularly those pertaining to 
mother’s nutritional status (such as low body mass index, and maternal anemia), here we have 
restricted it to child undernutrition to illustrate the conflicting properties of different metrics.

In this paper, we do not promote the use of one metric over the other. Illustrating why and 
how the choice of metric matters for policy targeting is central to our study. In fact, studies 
pertaining to poverty measurements argued that extreme value-orientation to either of the met-
ric should be avoided and prioritization exercise should be broad-based to include alternative 
perspectives including the choice of metric (P, A or any combination of P and A). Also, the 
utility of any metric depends on the purpose for which it is employed, and should be based 
on policy focus and targeting strategy to consider other aspects such as clustering of events 
to allow for implementation efficiency. For developing populous countries like India which 
is already grappling with several development problems, such as high level of poverty and 
illiteracy, maternal and child malnutrition, poor health and health-infrastructure, and intrin-
sic socioeconomic inequalities, it is critical to adopt appropriate metric for effective targeting 
and prioritization. The outlined metrics—P, A and M—can be expanded to other indicators to 
better inform targeting and prioritization mechanisms under diverse social and development 
policies.
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